As the result of climate change and deteriorating global environmental quality, nations are under pressure to reduce their emissions of greenhouse gases per unit of GDP. China has announced that it is aiming not only to reduce carbon emission per unit of GDP, but also to consume increased amounts of non-fossil energy. The carbon emission allowance is a new type of financial asset in each Chinese province and city that also affects individual firms. This paper attempts to examine the allocative efficiency of carbon emission reduction and non-fossil energy consumption by employing a zero sum gains data envelopment analysis (ZSG-DEA) model, given the premise of fixed CO 2 emissions as well as non-fossil energy consumption. In making its forecasts, the paper optimizes allocative efficiency in 2020 using 2010 economic and carbon emission data from 30 provinces and cities across China as its baseline. An efficient allocation scheme is achieved for all the provinces and cities using the ZSG-DEA model through five iterative calculations.
Introduction
The carbon emission allowance is a new type of financial asset. This article addresses the new type of financial asset allocative efficiency in each Chinese province and city, which we define as the mix of carbon emission reductions and increases across provinces and cities that must be calculated to achieve reach efficient frontiers. In other words, the most efficient region is that with the lowest energy consumption and CO 2 emission levels but with the same GDP and population values that it had with no environmental constraints. As an accompaniment to China's rapid economic growth, greenhouse gas emissions have caused serious pollution that has negatively affected the nation's ecology and marginalized its natural environment. As a result, China is facing critical problems that must be solved, and studies of carbon emission resulting from energy consumption focus on questions involving how to achieve reasonable emission reductions while balancing the relationship between economic development and environmental concerns. China's government has committed to reducing its carbon emission per unit of GDP by 40%-50% during the 2005-2020 period. During this same period, non-fossil energy consumption is targeted to account for 15% of total primary energy consumption.
Non-fossil energy includes wind-generated energy, water-generated energy, nuclear energy, and solar power. The purpose of these reduction targets is to limit overall emissions and achieve positive environmental effects. Although the national target for overall emissions has been set, the key problem that remains is how to apportion the total target effectively, fairly, justly and reasonably among China's provinces and cities in the face of the huge disparities in economic development, energy structures and CO 2 emissions and emission schemes that characterizes the different regions. Thus, taking the appropriate related factors into account to achieve allocative efficiency and to maximize effectiveness is a formidable task for China. As of 14 December 2015, seven provinces and cities in China-Shenzhen, Shanghai, Beijing, Guangdong, Tianjin, Chongqing and Hubei-initiated carbon emissions trading schemes. Nonetheless, it is important to know how to allocate carbon allowances to make trading them effective and efficient in China's 30 provinces and cities.
Literature Review

Carbon Allowance Allocation
A carbon allowance trading scheme attempts to solve environmental problems by using market forces to more effectively allocate resources and to eliminate negative externalities. However, the calculations involved in allocating the initial rights for carbon emissions are pivotal in their impact on transactional efficiency. Therefore, further studies of allocating carbon allowances are both necessary and productive.
From the perspective of government policies, Ding and Feng [1] considered both domestic and international factors in their evaluation of the different modes of carbon allowance allocation and the policy implications associated with each. These authors proposed that China should set up a free allocation mode based on historical data at an early stage but that a paid auction-based mode should be established at a later stage. Sun and Ma [2] compared the advantages and disadvantages of existing initial allocation methods and analysed the current main carbon emission trading schemes that have been implemented all over the world. Based on the results of their research, these authors suggested that a fixed proportion of the free carbon emission allowance should be assigned when a trading scheme is initially established and that it should be further transformed stage-by-stage to gradually reduce the proportion of free allowances until trading is conducted exclusively on an auction basis.
In terms of the allocation modes of carbon emissions, Yin and Cui [3] proposed an allocation scheme based on GDP per capita and energy consumption per GDP. Moreover, Wang Yigang [4] justified a flexible allocation scheme based on ensuring development rights.
With regard to research approaches to allocating carbon allowances, Jiang Jingjing [5] developed a mechanism (and an experiment) for carbon allowance allocation in the Shenzhen manufacturing sector by analyzing the grandfathering allocation mode of Europe's carbon trading scheme-using the condition of incomplete information as its theoretical basis-and by applying limited rational assumptions and repeated game theories. Cong Ronggang [6] suggested a multi-agent carbon allocation auction model (CAAM) based on the auction mechanism of the EU's carbon market and investigated whether the clearing auction price should take the form of uniform pricing or discriminatory pricing. Wang and Li [7] proposed a new data envelopment analysis carbon emissions allocation (DEA-CEA) model on the basis of data envelopment analysis (DEA) methodology. These authors considered the issue of CO 2 emissions distribution to be a resource allocation problem in which the total amount is controlled and regarded efficiency as a priority and the per capita amount as a restraint when allocating national total emissions to each province.
To conclude, although there are significant differences in carbon allowance schemes among different countries, there are lessons that these countries can learn from one another. Additionally, allocation benchmarks and research methods vary from country to country based on countries' specific conditions. In general, China is considered to be in the primary stages of establishing a carbon allowance system, although its conditions differ from those of other countries. Therefore, further studies are required to establish a suitable and efficient carbon allowance system in China.
Carbon Allowance Allocation Based on Efficiency
The first and most prominent system for regulating carbon emissions is the European Union Emissions Trading Scheme (EU ETS). We examine the effectiveness of the EU ETS in terms of a cap-and-trade system. When it was first established, its efficiency was studied on the macro level. Rogge and Hoffmann [8] believed that the impact of the EU ETS on corporate CO 2 culture and routines would pave the way for a transition to a low-carbon innovation system for power generation technologies. Sandoff and Schaad [9] conducted a survey and found that although Swedish companies have shown significant interest in reducing emissions, these companies have not paid close attention to the pricing mechanism of market-based instruments. If this praxis is widespread within the European trading sector, it might seriously and negatively impact system efficiency. Zhang and Wei [10] found that previous research results do not indicate that the EU ETS has had significant economic effects on energy technology investment. The enterprise competitiveness loss caused by the EU ETS has not been strong, but it may become stronger in the future. In later studies, efficiency was studied at the micro level. Moreover, different streams in the literature found that the macro-distribution of carbon allowance assets and EU CO 2 allowance price volatility exerted different effects on the stock market. Oestreich and Tsiakas [11] found that on average, firms that received free carbon emission allowances under the EU ETS significantly outperformed firms that did not, as measured by German stock returns. There was no significant value impact from firms' allowance trading activity or from the pass-through of carbon-related production costs (carbon leakage) [12] . While firms reduced their environmental costs, stock prices also fell for firms in both carbon-and electricity-intensive industries within the EU when the EU CO 2 allowance price dropped 50 per cent in late April 2006 [13] .
Most efficiency studies are conducted by employing a variety of input-output models, which leads to the problem of assessing the efficiencies of multiple inputs and outputs of the same types of decision-making units (DMUs), which is why the DEA model is widely used in this context [14] . In comparison with traditional DEA models that presume that output is the expected output (i.e., the larger the output is, the more effective the decision unit is), carbon emissions are regarded as non-expected output, i.e., the smaller the output, the more effective the decision unit is. The DEA model with non-expected output is commonly used in the analysis of environmental efficiency. Zofio and Prieto [15] evaluated environmental efficiency among Organization for Economic Co-operation and Development (OECD) countries by taking carbon dioxide emissions as the non-expected output. Lozano and Gutierrez [16] examined the correlations between GDP, carbon emissions and energy consumption with the distance function method of the DEA model by taking both carbon emissions and energy consumption as the non-expected output.
The non-expected output is independent of DMUs, and each decision unit is also independent of the other decision units. However, with regard to the rights allocations of carbon emissions, the amount of emissions between each decision unit is dependent because there is a fixed amount of available emission rights, i.e., it is a zero sum game (ZSG). When a unit increases or reduces its carbon emissions to achieve greater efficiency, the other DMUs must correspondingly decrease or increase the same amount of carbon emissions to maintain the ZSG.
Lins and Gomes et al. [17] proposed a zero sum gains data envelopment analysis (ZSG-DEA) model to adjust to non-expected output based on the DEA efficiency value of the DMU. Lin and Ning [18] assessed the allocation outcomes of EU countries' carbon emission rights in 2009 based on a ZSG-DEA model. Sun Zuoren et al. [19] investigated the weak disposability of non-expected output and the restraint conditions of the total amount of energy consumption by employing the ZSG-DEA model. The results were used to formulate the allocation of energy efficiency index of the "12th Five Year Plan" in China. Wu et al. [20] studied the allocative efficiency of PM2.5 emission rights based on a zero sum gains DEA model. Pang et al. [21] studied the reallocation of carbon emission allowance with regard to all the countries participating in the Kyoto Protocol. Wang et al. [22] investigated the regional allocation of CO 2 emissions allowance among Chinese provinces, whereas Miao et al. [23] investigated the efficient allocation of CO 2 emissions in China.
This paper differs from those of Wang et al. [22] and Miao et al. [23] by focussing its investigation on the allocation of the CO 2 emissions allowance among China's provinces based on China's real 2010 carbon emission data, which is used as a benchmark. This paper is also distinguished from references [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] [36] , which did not use the ZSG-DEA model and/or did not research the CO 2 emissions allowance among China's provinces. Instead, this paper attempts to measure the expected efficiency of carbon emissions allocation in 2020 in China by employing the ZSG-DEA model and further investigates how to establish an efficient allocation under the conditions of fixed total carbon emission rights based on the calculated parameter results.
The contribution of this paper to policy making is as follows: policy makers should adjust the distribution of carbon allowance to achieve the multiple goals of carbon emission reduction and non-fossil energy consumption in different areas in China. Simultaneously, fairness can be achieved among all provinces and cities at the new ZSG-DEA frontier by consider GDP and population (POP) as factors.
Empirical Results and Discussion
DEAP2
.1 software and an Excel planning method were used to solve the original DEA and ZSG-DEA efficiency. The last column of Table 1 presents the results of the original DEA efficiency for 2020, which reveals that the average initial distribution efficiency is 0.731, i.e., a medium-level average efficiency, and that the differences between provinces and cities are dramatic. Table 1 indicates that the efficiency values of 15 provinces are under average levels, which accounts for 50 per cent of these values. Furthermore, the initial efficiency values for five provinces and cities reach 1, which demonstrates that the allocation for these five provinces and cities is DEA effective but that the other 25 provinces and cities are not DEA efficient. Some provinces, such as Shan Xi and Ning Xia, do not perform well in terms of efficiency. For provinces with abundant energy resources, such as Shan Xi, a low efficiency value means that there is greater potential to reduce carbon emissions.
Based on the original DEA model, we may adjust the emission rights of all provinces and cities based on their efficiency values and slack variables so that the lowest carbon emission with respect to the economy and the carbon dioxide emission with the greatest efficiency might be achieved. However, this adjustment does not consider specific allocation situations, which is not feasible. For example, the total amount of carbon dioxide emission is fixed, which means that when one DMU reduces the input of a variable, the input of this variable into another DMU will increase accordingly. The efficiency values of original DEA and slack variables are not consistent with restraining the fixed total amount and are not able to achieve reasonable reallocation of input. Therefore, we must assess the efficiency values of the ZSG-DEA model and make proper adjustments of carbon emission rights based on the efficiency values and slack variables of the ZSG-DEA model.
Fair and effective allocation results in effective allocative efficiencies for all participating provinces, whether in the original DEA model or in the ZSG-DEA model. As discussed above, the status quo of most provinces and cities is currently ineffective, and for that reason we must adjust the ZSG-DEA model. Based on Equation (2), the amount that carbon emission must be reduced in some areas and the amount of increase needed in other provinces and cities can be calculated to reach the efficient frontiers. The multiple iteration method is employed to allow all provinces and cities reach their efficient frontiers.
According to the results of the ZSG-DEA model in the initial allocation, we obtain the voluntary trade matrix for all provinces and cities, and the results of the adjusted allocation are shown in Tables Tables A1-A5 . Using the adjusted emission amount as the input variable and making another estimation of the efficiency values of the original DEA model, we find that the original DEA efficiency values increase significantly. 0.731 ****** * Unit: 100 million Chinese Yuan; ** Population (unit: 10 thousand Chinese Yuan); *** Total energy consumption (unit: 10 thousand tce, where tce is tons of standard coal, the unified standard unit of heat value); **** CO 2 emissions (unit: 10 thousand t.c., where t.c. is tons of carbon, the standard unit of CO 2 emissions); ***** Non-fossil energy consumption (unit: 10 thousand tce); ****** It is the average initial distribution efficiencyof provinces and cities.
Given the initially allocated carbon dioxide emissions, consumption of NFFs (Non-fossil fuels) and the results of the ZSG-DEA model, we can obtain the increase and decrease matrix for the carbon allocations of all provinces and cities and can identify how to adjust the values to acquire a new set of adjusted carbon emission and NFF consumption, as shown by the first iteration in Table A1 .
In the next step, the adjusted carbon emission and the consumption of NFFs are used as input variables to calculate the efficiency values of the original DEA model. The average efficiency value of the original DEA model is shown to increase to 0.894, and the efficiency for all provinces and cities has improved significantly from their original state. Compared with the original CO 2 emissions, the CO 2 emissions in Hebei, Shanxi, Inner Mongolia, Liaoning, Jilin, Heilongjiang, Shandong, Henan, Guizhou, Gansu, Qinghai, Ningxia and Xinjiang have all been reduced, in a total amount of 631,691,800 tons of carbon (t.c.). Meanwhile, another 11 provinces and cities, including Beijing, Tianjin, Shanghai, Jiangsu, Zhejiang and Anhui, have accordingly increased their CO 2 emissions by an overall volume of 631,691,800 t.c. The sum of the increased and reduced amounts is zero, guaranteeing the precondition of the fixed total amount. As for another input factor-energy consumption of NFFs-10 provinces and cities, including Tianjin, Hebei, Shanxi and Inner Mongolia, have also reduced their input amount by 158,109,600 t.c.; meanwhile, another 12 provinces and cities, such as Beijing, Liaoning, Jilin and Heilongjiang, have increased their input amount by 158,109,600 t.c., thereby assuring the precondition of fixed total energy consumption. Although the efficiency values of all the provinces and cities have increased following the first iteration, they remain under fair carbon emission allowances. Therefore, another iterative calculation is necessary. After the second iterative adjustment, the average value of the initial DEA efficiency has reached 0.962, with most provinces and cities close to 1. In comparison with the first adjustment, 10 provinces and cities, such as Hebei, Shanxi, Inner Mongolia and Liaoning, continue to reduce their CO 2 emissions, whereas another 12 provinces and cities, including Beijing, Tianjin, Shanghai, and Jiangsu, continue to increase their emissions. In terms of NFF consumption, 10 provinces and cities, such as Tianjin, Shanxi and Inner Mongolia, further reduce their consumption, whereas 14 provinces and cities, such as Beijing, Hebei and Liaoning, must increase their consumption accordingly.
Further adjustments are necessary as a fair and effective carbon emission allocation has not been achieved. After the third iteration, the initial DEA efficiency value reaches 0.991, and almost all the allocative efficiency values nearly reach 0.99. However, further adjustments are undertaken to achieve the most effective efficiency value as expected. The fourth iteration shows that the vast majority of provinces and cities have achieved fair and effective initial efficiency values (reached at 1), apart from a few provinces such as Jiangsu, Fujian, Hubei, Hunan, Guangdong etc. Therefore, a fifth iteration was carried out, as shown in Table 2 , Table A5 and Figure 1 .
After the fifth iteration, the DEA efficiency values of all 30 provinces and cities have become 1. Comparing the initial allocation with the allocation after the fifth iteration, provinces such as Hebei, Shanxi, Inner Mongolia, Liaoning, Jilin, Heilongjiang, Shandong, Henan, Guizhou, Shaanxi, Gansu, Qinghai, Ningxia and Xinjiang all must reduce their carbon emissions, whereas the remaining provinces must increase their carbon emissions; Guangxi, Hainan, etc. demonstrate the most significant increases. Guangxi's carbon emission increases from 81,762,900 t.c. to 160,709,800 t.c., as shown in Tables 1, 3 and A5. After the fifth iteration, the DEA efficiency values of all 30 provinces and cities have become 1. Comparing the initial allocation with the allocation after the fifth iteration, provinces such as Hebei, Shanxi, Inner Mongolia, Liaoning, Jilin, Heilongjiang, Shandong, Henan, Guizhou, Shaanxi, Gansu, Qinghai, Ningxia and Xinjiang all must reduce their carbon emissions, whereas the remaining provinces must increase their carbon emissions; Guangxi, Hainan, etc. demonstrate the most significant increases. Guangxi's carbon emission increases from 81,762,900 t.c. to 160,709,800 t.c., as shown in Tables 1, 3 and A5. The predicted CO 2 emission allowance in 2020 using 2010 as a benchmark and taking no iterations; 1: The predicted CO 2 emission allowance in 2020 using 2010 as a benchmarkand taking the 1st iteration; 2: The predicted CO 2 emission allowance in 2020 using 2010 as a benchmarkand taking the 2nd iteration; 3: The predicted CO 2 emission allowance in 2020 using 2010 as a benchmarkand taking the 3rd iteration; 4: The predicted CO 2 emission allowance in 2020 using 2010 as a benchmarkand taking the 4th iteration; 5: The predicted CO 2 emission allowance in 2020 using 2010 as a benchmarkand taking the 5th iteration.
For non-fossil energy consumption, Tianjin, Hebei, Shanxi, Inner Mongolia, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Hubei, Guizhou, Gansu, Qinghai and Ningxia must reduce their consumption, and the rest of the provinces must increase their consumption; Beijing must increase most. The consumption assigned after five iterations is 1.18 times that of the initial allocation.
Next, we compare our results with past work. Miao et al. [23] researched CO 2 emissions allowances among provinces in 2010 in China but did not research CO 2 emissions allowances among provinces in 2020 in China. References [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] [36] did not use the ZSG-DEA model and/or did not research the CO 2 emissions allowance among provinces in China.
Wang et al. [22] researched CO 2 emission allowances among provinces in 2020 in China using the ZSG-DEA model. Thus, our results are most comparable with Wang et al. [22] , and the CO 2 emissions difference values after the 5th iteration in 2020 from both papers are illustrated in Figure 2 . Although not all the input and output variables used in Wang et al. [22] are the same as those used in this paper, both papers reveal similar trends in CO 2 emissions difference values for 2020 after the 5th iteration. However, in this paper, the CO 2 emissions difference value in most provinces and cities after the 5th iteration in 2020 is smaller than that in Wang et al. [22] . We investigate the reasons for this difference.
CO2 emission allowance in 2020 using 2010 as a benchmarkand taking the 1st iteration; 2: The predicted CO2 emission allowance in 2020 using 2010 as a benchmarkand taking the 2nd iteration; 3: The predicted CO2 emission allowance in 2020 using 2010 as a benchmarkand taking the 3rd iteration; 4: The predicted CO2 emission allowance in 2020 using 2010 as a benchmarkand taking the 4th iteration; 5: The predicted CO2 emission allowance in 2020 using 2010 as a benchmarkand taking the 5th iteration.
Next, we compare our results with past work. Miao et al. [23] researched CO2 emissions allowances among provinces in 2010 in China but did not research CO2 emissions allowances among provinces in 2020 in China. References [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] [36] did not use the ZSG-DEA model and/or did not research the CO2 emissions allowance among provinces in China.
Wang et al. [22] researched CO2 emission allowances among provinces in 2020 in China using the ZSG-DEA model. Thus, our results are most comparable with Wang et al. [22] , and the CO2 emissions difference values after the 5th iteration in 2020 from both papers are illustrated in Figure 2 . Although not all the input and output variables used in Wang et al. [22] are the same as those used in this paper, both papers reveal similar trends in CO2 emissions difference values for 2020 after the 5th iteration. However, in this paper, the CO2 emissions difference value in most provinces and cities after the 5th iteration in 2020 is smaller than that in Wang et al. [22] . We investigate the reasons for this difference. We believe that the main reason for this difference is that the input and output variables in Wang et al. [22] and this paper are not all the same. The input variables used in Wang et al. [22] are total energy consumption, CO2 emissions and non-fossil energy consumption. All three inputs in Wang et al. [22] have constant total amounts that must be reallocated among China's regions. The output variables used in Wang et al. [22] are GDP (based on 2005 prices) and POP. Our article uses CO2 emissions and non-fossil energy consumption as input variables; we do not use total energy consumption because we posit that this variable is changeable. The output variables used in our article are total energy consumption, gross domestic product (based on 2010 prices) and POP. CO2 emisstion difference value after the 5th iterations. in 2020 in this paper Figure 2 . The trend of CO 2 emission difference values after the 5th iteration in 2020 between this paper and Wang et al. [22] .
We believe that the main reason for this difference is that the input and output variables in Wang et al. [22] and this paper are not all the same. The input variables used in Wang et al. [22] are total energy consumption, CO 2 emissions and non-fossil energy consumption. All three inputs in Wang et al. [22] have constant total amounts that must be reallocated among China's regions. The output variables used in Wang et al. [22] are GDP (based on 2005 prices) and POP. Our article uses CO 2 emissions and non-fossil energy consumption as input variables; we do not use total energy consumption because we posit that this variable is changeable. The output variables used in our article are total energy consumption, gross domestic product (based on 2010 prices) and POP.
Methodology
BBC-DEA Model
It is presumed that each assessment system has a number (n) of the same types of DMUs and that each unit has a number (r) input indexes and a number (m) of output indexes. The equation for the BBC-DEA model of the relative efficiency assessment of DMU 0 is set forth as Equation (1) The input and output variables of the classic DEA model (CCR, BBC, etc.) are relatively independent. Given any of the DMUs, its input or output will not affect any other DMU's input or output variables. A classic DEA model only demonstrates the relative efficiency of the original state. However, under the condition of competition, the amount of input or output for variables should be restricted for the constant total, and the input and output of each DMU are related to one another to ensure this constant. If one of the inefficient DMUs increases its input or output to achieve a greater efficiency frontier, other DMUs must reduce their input or output, which strays from the assumptions of the classic DEA model. This characteristic conforms exactly to the feature of a ZSG, which requires that the loss or earnings of a stakeholder be the earnings or loss of other stakeholders to ensure that the total earning amount is zero.
Zero Sum Earning DEA Model
The initial ZSG-DEA model was proposed by Gomes and Lins [37] on the basis of an input-oriented CCR-DEA model. To realize an effective DEA model, DMU 0 must reduce the amount of input k as u 0 = x 0k (1´ϕ 0 ) and allocate this amount proportionally to other DMUs. Thus, the input allocation value acquired by the i th DMU is x ik /Σx ik¨x0k (1´ϕ 0 ). As all the DMUs experience a certain increase or decrease of input proportion simultaneously, the reallocation of input k after adjustment is:
In this study, it is assumed that more inputs have fixed total amounts. When a DMU aims for increased efficiency, different proportions of increase or decrease of a fixed total amount follow. Meanwhile, it is believed that fixed earnings are effective at setting a scope, such that when a DMU operates within an optimum scope, the application of the variable's earnings become more reasonable. In addition, because each DMU in this study, whether big or small or in different developing phases, can be distinguished from one other, our assumption is that not all the DMUs operate within the optimum scope:
where θ i is the measurement of the efficiency of ZSG-DEA related to the number (i) of DMUs in Equation (3), when all i inputs are limited under fixed conditions; w i is the weight of θ i ; E ZSG is the efficiency of the average value of the uniform weight of each DMU; x ij and y rj are the input and output values, respectively; x ik and y rk refer to the input and output values, respectively, of the DMU in their assessment; and λ i is the contribution rate of effective planning made by each DMU.
A Zero Sum Gains Data Envelopment Analysis Model for CO 2 Allowance Allocation in China
To reflect the demographic and economic characteristics of each region in the process of allowance allocation, the output variables used in the optimized ZSG-DEA model are GDP, POP and energy consumption in 2010. The input variables are CO 2 emission and consumption of non-fossil fuels (NFFs). These two inputs have a fixed total amount and must be reallocated among provinces. The ZSG-DEA model for China is as follows:
where θ CO2 and θ NFF represent the efficiency of the CO 2 emission allocation and that of NFF consumption, respectively. Likewise, w CO2 and w NFF are the weights of the two aforementioned efficiencies, respectively. We set the weight to 1/2, as both efficiencies are regarded as equally important. Equation (4) is the specific application of Equation (3) to the allocative efficiency of carbon emission reduction at the provincial level in 2020 in China. Equation (4) indicates that when various regions have the same level of carbon emission and NFF energy consumption, the region with the smaller POP and GDP has relatively low efficiency; when different regions have the same level of carbon emission and NFF energy consumption, the region with the larger POP and GDP has greater efficiency. The transmission mechanism is described as follows. At first, all regions are not at the new ZSG-DEA frontier in China due to erroneous CO 2 emission allocations among different regions in China. Then, all the regions draw close to the new ZSG-DEA frontier because of a change in the amounts of CO 2 emissions in different regions in China. Finally, all regions are at the new ZSG-DEA frontier in China due to a change in the amounts of CO 2 emissions allocated to the different regions in China. The transmission mechanism is also depicted in Figure 3 , where MN indicates the DEA frontier and EF indicates the ZSG-DEA frontier that is required to achieve an efficiency value of 1 by the fifth iteration.
Region A and region B are not on the EF. By changing the amounts of CO 2 emissions allocated to different regions, they move onto the EF. The input variables used are carbon dioxide emissions and NFF consumption. The output variables used in the optimized ZSG-DEA model are GDP, POP and energy consumption, as shown in Figure 3 . 
Data Sources and Processing
This paper examines the carbon emission allowance allocation mode of all Chinese provinces in terms of efficiency. Therefore, the allocation allowance of all provinces must be first affirmed, and then the efficiency of the allocation mode may be examined. This study assumes that overall carbon emission in 2015 is 17% less than that in 2010, which is consistent with the goal of carbon emission reduction in the "12th Five Year Plan". At the Copenhagen United Nations Climate Change Conference, the Chinese government pledged that its carbon emission in 2020 would be reduced by 40%-45% from that its 2005 levels.
These results show that China's carbon emission reduction goal for 2020 will be approximately 31.3% if the 2010 value is taken as the benchmark. After affirming the total amount of the allocation, the carbon emissions allowance for each province can be simulated in terms of the optimum allocation of efficiency.
Using 2010 as the base year, the total amount of carbon emissions in 2020 and its allocation to each province and city can be estimated and predicted with optimal efficiency. The table below presents the carbon emissions, energy consumption, GDP, POP, etc., in all provinces and cities in 2010, which are used as the initial data (see Table 4 ).
The calculation of actual carbon emission in each province and city is derived from the amount of energy consumption in the energy balance sheets for all provinces and cities in the China Energy Statistical Yearbook 2011 [38] [39] [40] [41] [42] [43] [44] . The detailed calculation methods for carbon emission are described in the Guidelines for the Provincial Greenhouse Gas List [45] , which is also called IPCC Method 1. According to this method, actual carbon emission is derived from the consumption of various fossil fuels, the heat per unit and carbon content per unit of various types of fuels plus the average oxidation rate of the main equipment used to burn various fuels, after deducting fixed carbon content and other parameters of fossil fuels used for non-energy purposes. However, it has been proven that it is difficult to acquire certain data in the calculation process, such as the number of products with fixed carbon content, etc. Therefore, an alternative method is employed in this study and is demonstrated below.
First, the energy consumption of different types of fossil fuels is converted into that of standard coal, and then the carbon emission factor, fixed carbon rate, oxidation rate of carbon and other parameters are used to calculate the emission amount of carbon and carbon dioxide in different types of fuels. The specific equation for the calculation is as follows:
X i = Σproduction + import´export˘increase or decrease of stock˘others (mainly adding fuels overseas)
The emission amount of carbon (PC) is as follows:
where k is the carbon oxidation rate; λ is the conversion coefficient of standard coal; ϕ is the potential carbon emission factors; and θ is the solid carbon rate. * Unit: 100 million Chinese Yuan; ** Population (unit: 10 thousand Chinese Yuan); *** Total energy consumption (unit: 10 thousand tce, where tce is tons of standard coal, the unified standard unit of heat value); **** CO 2 emissions (Unit: 10 thousand t.c., where t.c. is tons of carbon, the standard unit of CO 2 emissions); ***** Non-fossil energy consumption (Unit: 10 thousand tce).
X i represents the total energy consumption in the i th province or city. The parameters of other models also can be found in Table 5 [46] . Because the molecular weight of CO 2 is 44 and the molecular weight of carbon is 12, the total carbon emission of each province calculated above can be converted into CO 2 emission, based on this ratio. For the energy conversion, the conversion coefficient used in this study is 29,307.6 MJ of heat of standard coal per ton (see Table 5 ).
The data regarding NFFs are calculated on the basis of the Annual Development Report of China's Power Sector 2011 [47] , issued by the China Electricity Council. NFFs refer to energy resources that are not coal, petroleum, natural gas or others; thus, NFFs consist of those resources that are not formed through long-term geological transformation that can only be consumed once and instead include current new energies and renewable energies such as nuclear energy, wind energy, solar energy, water energy, etc. According to the actual praxis and the available data, the hydroelectric and thermal energy data of NFFs are calculated for the consumption of non-fossil energy and converted into standard coal, derived from the conversion standard of 0.1229 standard coal/KW that is based on the national standard found in GB-2008 [48] .
The data for GDP and the populations of provinces in 2010 are obtained from the China Statistical Yearbook 2011. According to the Energy Information Administration (EIA), the United States energy information administration website and the International Energy Outlook [49] , the predicted average annual growth rate of GDP for China is 6.6% from 2010 to 2030, which is used in this study for projecting GDP in 2020. Moreover, China's population will reach 1.43 billion by 2020 in accordance with World Population Prospects [50] , published by the United Nations Department of Economic and Social Affairs (UNDESA). The prediction of total energy consumption in 2020 is calculated using the energy/GDP elasticity coefficient. As for the energy consumption goal of NFFs, based on the medium-and long-term plans of national renewable energy development, non-fossil energies should account for 15% of primary energy consumption by 2020. The consumption ratio of NFFs over primary energy equals the energy consumption of NFFs/the total consumption of primary energy (fossil fuels + consumption of NFFs). This calculation is used to predict the energy consumption of NFFs in 2020.
The total amount of national carbon dioxide emission in 2020 is predicted to be 5,711,350,300 t.c. Taking the carbon emission of all provinces and cities from 2010-2014 and the overall allowance into consideration, the predicted values of initial allowance allocation results and other variables are shown in Table 1 . 
Conclusions
From the perspective of allocative efficiency, carbon emission allowances for China's 30 provinces and cities are allocated in this study by employing a ZSG-DEA model. The carbon dioxide emissions index and non-fossil energy consumption index for 2020 are calculated by taking the emission reduction target in the "12th Five Year Plan" as the baseline. Then, the optimal allocation scheme for all provinces and cities in 2020 is achieved under fixed total volumes of carbon emissions and non-fossil energy consumption. As the largest country in the world in terms of overall carbon emission, China must reduce its carbon emissions to improve environmental quality. Therefore, it is important for China to set up carbon emission targets among provinces and cities during the next five years (the "13th Five Year Plan", which covers from 2016 to 2020), which would be more efficient and fair. We therefore suggest that provinces such as Hebei, Shanxi, Inner Mongolia, Liaoning, Jilin, Heilongjiang, Shandong, Henan, Guizhou, Shaanxi, Gansu, Qinghai, Ningxia and Xinjiang must reduce their carbon emissions. The rest of the provinces remain unchanged or reduce their carbon emissions although the rest of the provinces will increase their carbon emissions when applying zero sum gains analysis, with Guangxi and Hainan having the most significant increases, as reflected in Table 3 . For non-fossil energy consumption, Tianjin, Hebei, Shanxi, Inner Mongolia, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Hubei, Guizhou, Gansu, Qinghai and Ningxia must reduce consumption, and the remaining provinces must increase consumption, with Beijing needing to increase consumption the most. 
